ABSTRACT For many enterprises, great importance is attached to the quality control of the mechatronic product, which spends a lot of effort. Quality Function Deployment (QFD) is widely used to ensure the quality of mechatronic product and the first step is transforming customer demands to engineering characteristics. However, there are numerous engineering characteristics for a complex mechatronic product. To analyze all the characteristics will lead to unnecessary waste and inefficiency. Also, the quality is mainly ensured by the key characteristics, then these characteristics should be concentrated on. There is a lack of objective and effective technology to recognize the key engineering characteristics of the mechatronic product. This paper focuses on determining the key engineering characteristics of mechatronic product. A novel method based on the theory of QFD is therefore proposed to guarantee the quality of mechatronic product efficiently. First, it is necessary to obtain an accurate weight of customer demands. In this paper, the Kano model and vague set are combined to process customer demands for mechatronic product, which not only considers user evaluating information, but also the influencing degree to user satisfaction. Second, in order to get the objective and the precise weight of engineering characteristic, the Radial Basis Function (RBF) neural network is used to establish the relationship between customer demands and the engineering characteristics of the mechatronic product. Finally, the Pareto diagram of importance degree of engineering characteristic is constructed to obtain the key engineering characteristics of the mechatronic product. Numerical control (NC) machine tool is taken as an example and the validity and scientificity of the method are verified. The method provides a new mentality for the quality control of the mechatronic product and has important theoretical significance and broad application prospect.
I. INTRODUCTION
Along with the society progressing unceasingly and the technology expanding rapidly, the mechatronic product is general in human production and life. Quality control is an essential part in the production of mechatronic product [1] , [2] . QFD method is a cross-functional planning tool for quality control, which ensures that the voice of the customer is systematically deployed throughout the product planning and design stages. The first phase of QFD is transforming
The associate editor coordinating the review of this manuscript and approving it for publication was Zhiwu Li. customer demands to engineering characteristics [3] . However, mechatronic product has a complex structure and various functions, and engineering characteristics are multidimensional and multi-scale. To control all the characteristics in production will greatly increase the difficulty and cost [4] . In order to effectively perform the quality assurance of mechatronic product, it is necessary to accurately grasp the key points and objects of quality assurance from the perspective of''critical minority, secondary majority'' in quality engineering. So, identifying the key engineering characteristics on the basis of customer demands is essential to mechatronic product [5] .
In the first step of QFD, it is important to quantify the weight of customer demands for mechatronic product. Chan et al. used fuzzy C-means clustering analysis to classify customer demands, and the importance of customer demands is measured by analytic hierarchy process (AHP) [6] . Wang et al. put forward the principle of the ninepoint system and used the method to measure the importance of customer demands. This method is based on human subjective qualitative evaluation [7] . Tseng et al. expressed and determined customer personalized need by classifying tree and setting parameters [8] . Zhou et al. analyzed customer demands from the perspective of information and applied fuzzy mathematics theory to the analysis process [9] .
In determining the importance weight of engineering characteristics, Li et al. put forward the importance of improving the ratio of engineering characteristics performance, and pointed out that the importance is determined by the initial importance and performance point of engineering characteristics [10] . Wang et al. used integrating relation importance with competitive potential coefficient to determine the comprehensive priority of engineering characteristics of PE jaw crusher [11] . Yuan et al. proposed a cooperative game model of fuzzy preference to analyze the relationship between customer satisfaction and fuzzy preferred target of engineering characteristics, which are used in the mobile phone planning [12] . Kwong determined fuzzy relation between customer requirement and engineering characteristics based on fuzzy expert systems approach, and the methodology is used in the design of a digital camera [13] . Chan et al. analyzed the performance and determine the competitive importance of engineering characteristics of information entropy [14] . Wang et al. proposed an important degree calculation method based on equivalent support subset, and proved that the method has higher classification accuracy [15] . Li et al. proposed a balanced scorecard (BSC) to determine the importance of engineering characteristics. The method was utilized in the development of automatic washing machine [16] . Geng et al. put forward a cloud relative preference relation analytical approach to calculate the importance degree of customer requirements and engineering characteristics [17] .
Many researchers used the method of scoring or fuzzy clustering in the quantitative analysis of customer demands, which neglects the impact of each demand on user satisfaction and result in inaccurate analysis of customer demands. The relationship matrix between customer demands and engineering characteristics is often established by the theory of fuzzy set and rough set, increasing the fuzziness of the results. Aiming at the above problems, this paper fully analyses the subjective needs of customers with the Kano model, and considers the impact of each demand on user satisfaction, so as to get more objective weight of customer demands. RBF neural network is used to build the model between customer demands and engineering characteristics and to predict the accurate importance weight of engineering characteristics. These importance weights are represented sequentially in Pareto model and the key engineering characteristics are determined. In the production of mechatronic product, these characteristics should be mainly played close attention to. So not only the efficiency can be improved, but also customer demands can be better to meet. As a typical mechatronic product, NC machine tool is utilized to prove the feasibility of the methodology.
II. HoQ MEDEL OF QFD
QFD is a multi-level deductive analysis method, which is market-oriented and based on customer demands. The method can integrate''customer's voice'' into product design and systematize the combination of customer demand based on market and specific product engineering characteristics. House of Quality (HoQ) is the basic tool of the QFD method. It is an intuitive binary matrix expansion chart, which transforms customer demand into product technology demand. Its specific structure of the first stage is shown in Fig.1 [18] . In the QFD model, what's the most important is to determine the weight of customer demands and establish an accurate relationship between customer demands and product engineering characteristics. The proposed method focuses on these two aspects, and its basic process is shown in Fig.2 .
III. DETERMINATION OF CUSTOMER DEMANDS WEIGHT OF MECHATRONIC PRODUCT A. BASIC WEIGHT BASED ON KANO MODEL
Based on customer satisfaction, Kano model divides customer demand into basic demand, expectation demand and charismatic demand, as is shown in Fig.3 [18] .
The basic demand is the basic function or service that the product must have, and it is the natural expectation that does not have to be expressed by the customer. Its satisfaction or excess satisfaction does not contribute much to customer satisfaction. But if not, customers will be very dissatisfied. For example, the refrigeration function of the refrigerator. Expected demand, that is, customer satisfaction is proportional to the degree of realization of this demand. If such demand is not meet, the customer will not be satisfied. When meeting such demand, customers will be satisfied, and the more contented this demand is, the more satisfied customers are. For example, refrigeration speed and low noise of refrigerators are expected.
Charming demand is an unexpected product feature for users. If there are no such attributes in the product, customers will not be dissatisfied. Nevertheless, if there are, users will be very satisfied. Such attributes make the product more attractive to customers. For instance, GPS navigation on mobile phones.
At the same time, there are several other types of requirements: irrelevant requirements indicate that users are not interested in such attributes; contrary requirements indicate that different users have different or even opposite expectations of a certain attribute; problematic requirements are the requirements that may lead to user misunderstand. In order to better identify the type of customer demand, Kano model designs two opposite questions for each product attribute. The questions show the user's response when the product has or does not have attribute, and there are five answers for each question. For the response of any attributes, Table 1 . is the Kano model requirement classification and evaluation table. In the table, M represents the basic need, O represents the expected need, A represents the charismatic need, I represents the irrelevant need, R represents the opposite need and Q represents the problem-oriented needs.
When the survey results are counted, irrelevant requirements and problematic requirements should be removed. When the opposite requirements are large, it shows that the questionnaire has problems in design and needs improvement. According to all the replies of the different customer, the proportions of M , O, A and I can be determined for customer demands CR i . And these proportions are recorded as U i , V i , X i , and Y i respectively.
In the equations, F i represents the improvement rate of customer satisfaction with this demand CR i .D i represents decline rate of customer satisfaction without this demand.
The basic weight of customer demandsCR i is as follows:
where i = 1, 2, . . . , m, and m is the number of customer demands. VOLUME 7, 2019
B. WEIGHT ADJUSTMENT BASED ON VAGUE SET
The basic weight of customer demands is based on the survey and analysis of users. However, the basic demand is the user's perceptible demand, and its initial weight is generally higher. Its contribution to improve user satisfaction is small. While the charming demand is usually the user's unexpected surprise demand, its initial weight is generally low. Its contribution to improving user satisfaction is great. Therefore, we should not only consider the user's evaluation information, but also consider the impacts of customer demands on user satisfaction. The basic weight should be revised to determine the objective importance of personalized demand. This paper uses the fuzzy theory based on vague set to synthesize the support and objection of experts. So fuzzy information is expressed comprehensively, and the contribution of demand for user satisfaction is quantified [19] . The specific method is as follows:
(1) Firstly, the weighted grading level and benchmark value are set, and the grading set is set as χ = {χ 1 , χ 2 , · · · , χ N }.
In the equation, χ j (j = 1, 2, . . . , N ) is the reference score of the jth grade, and N is the number of grades.
According to the voting model, G experts voted comprehensively and expressed in vague value. The possible range of CR i contribution weight belonging to rate level is expressed as
In the equation, is the number of evaluation indicators and α ij is the possibility that abstainers tend to vote in favor, which is called the tendency factor.
(2) Calculate satisfaction L ij , that is, estimate the fuzzy membership degree represented by L ij , and get its estimated value:
(3) Calculate the weight of user's demand contribution degree. In order to comprehensively consider the decisionmaking information of experts, the estimated value L ij (χ ) is used as the weight. The weighted average of each rating grade χ j is used to obtain the contribution weight:
(4) The basic weight is adjusted according to ρ i and the final weight of customer demands is determined. If the final weight of CR i is w i , there is:
IV. CALCULATION METHOD OF IMPORTANCE OF HoQ OUTPUT INDEX
In the HoQ, it is necessary to map the input index to the output index through the relational matrix. RBF neural network can simulate the non-linear mapping relationship, which has fast convergence and good local approximation effect [20] . Therefore, this paper uses RBF neural network to solve the output index of HoQ. 
A. RBF MODEL STRUCTURE
RBF neural network is a three-layer forward network, which consists of an input layer, an implicit layer and an output layer, as is shown in Fig.4 . RBF network has the capability of functional approximation with arbitrary accuracy and the characteristics of optimal functional approximation. It has been extensively used in functional approximation, signal processing, system modeling and predictive control. In this paper, the Gaussian function is used as RBF neuron. The expression is as follows:
In the equation, X r = [x r 1 , x r 2 , . . . x r n ] T is the rth input sample vector, and 1 ≤ r ≤ N . C j = [C j1 C j2 . . . C jn ] T is the jth RBF center of the hidden layer. δ j is the RBF width (extension constant) and R r j is the output of the jth RBF of the hidden layer. X r − C j represents the Euclidean distance between X r and C j .
The output of neurons in the output layer is:
In the equation, y k is the output of the kth neuron in the output layer, and N r j is the normalized output of the jth RBF in the hidden layer. ω jk is the connection weight from the hidden layer to the output layer, and m is the number of RBF nodes in the hidden layer.
B. LEAINING ALGORITHM OF RBF MODEL
The structural parameters of RBF model need to be determined by learning. In this paper, K-means clustering algorithm is used to determine the center C j and width δ j of RBF. Error gradient descent method is utilized to train the weight ω jk from hidden layer to output layer. Referring to the relevant literature, the specific learning process is as follows:
(1) Determine the central C j of hidden layer RBF Initialize the clustering center C j and set the value of the initial m input samples as its initial value. Group all samples X r according to the nearest clustering center C j .
X r − C i , the sample X r is classified as the clustering domain j .
Then the sample mean in each clustering domain is calculated: C j = 1 N j r∈ j X T , where N j is the number of samples in the clustering domain j . Repeat the above process until all clustering centers C j do not change. Finally, C j is allocated to the hidden layer units as RBF centers.
(2) Determine the width δ j of RBF RBF width δ j is a measure of sample dispersion in the cluster domain associated with each RBF center, which can be expressed as: (3) Determine the connection weight ω jk from hidden layer to output layer.
The expected value of output y k is T k , and the objective function of the network is defined as its global error E:
Equation (11) is the function of ω jk after determining the structural parameters C j and δ j of the basic function. The weight ω jk is trained by the error gradient descent method, so that the global error E is less than the preset precision value. 
V. AN ILLUSTRATIVE EXAMPLE
User requirements of a NC machine tool include high precision CR 1 , low noise CR 2 , safe and reliable CR 3 , long life CR 4 and convenient maintenance CR 5 . Through the classification assessment form of the Kano model, the customer demands are studied. The evaluation result of each customer demand is obtained from equation (1), (2) and (3), which is shown in Table 2 .
A. DETERMINATION OF CUSTOMER DEMANDS WEIGHT
The scoring criteria are set first. The weighted scoring benchmark level is set to four levels, and the corresponding benchmark score is given according to the general, important, VOLUME 7, 2019 
B. SOLUTION OF IMPORTANCE OF ENGINEERING CHARACTERISTIC INDEX
The engineering characteristics of NC machine tool to meet customer demands include x-axis positioning accuracy, z-axis positioning accuracy, maximum spindle speed, workpiece surface roughness, maximum noise, reliability, availability and maintainability. Because the relationship coefficient between customer demands and engineering characteristics is difficult to be defined, it is necessary to collect historical data to construct a relationship model. Then the weight of each engineering characteristic can be calculated according to the importance of customer demands.
The is illustrated as an example. Firstly, 50 sets of historical weight calculation data are collected. The weight of customer demands is used as input of the RBF neural net, and the weight of x-axis positioning accuracy is the output. The first 40 data are selected to train the neural network and construct the relationship model between customer demands and engineering characteristics. The last 10 data are utilized to verify the reliability and error of the model. The distribution coefficient is 0.5. The target error is set to 10 −6 , and the maximum number of neurons in the hidden layer is determined to be 40 according to the number of samples. Fig. 8 is the HoQ of NC machine tool, which vividly expresses the relationship between customer demands and engineering characteristics. The weight of customer demands is the input, and the importance weight of engineering characteristics is the output. The rankings of engineering characteristics can be achieved. The weight of engineering characteristics is represented by Pareto diagram, as is shown in Fig. 9 . According to the 80/20 principle, five key engineering characteristics are extracted, which are x-axis positioning accuracy, reliability, z-axis positioning accuracy, availability and workpiece surface roughness. The results are agreed well with the practical situation.
C. EXTRACTION OF KEY QUALITY CHARACTERISTICS

VI. CONCLUSIONS
(1) A key engineering characteristics extraction model based on QFD is constructed. The method provides a novel theoretical support for the quality control of mechatronic product, which can improve the control efficiency. Combined Kano model and vague set, the reasonable weight of customer demands are obtained by considering user satisfaction. Based on RBF neural network, the objective importance weight of engineering characteristics is obtained.
(2) The methodology can be utilized in the development and design of mechatronic product. For enterprise, it can reduce the effort on unimportant engineering characteristic, and save the cost of product development. Also, the developed product can achieve the desired quality and better meet customer demands.
(3) In the design phase, the study in this paper can help designers to find the key characteristics of quality control. However, how to assure these characteristics in manufacturing and assembling process is very important, which should be studied in future research.
